This is the first description of the relationship between chronic ethanol self-administration and the brain transcriptome in a non-human primate (rhesus macaque). Thirty-one male animals self-administered ethanol on a daily basis for over 12 months. Gene transcription was quantified with RNA-Seq in the central nucleus of the amygdala (CeA) and cortical Area 32. We constructed coexpression and cosplicing networks, and we identified areas of preservation and areas of differentiation between regions and network types. Correlations between intake and transcription included largely distinct gene sets and annotation categories across brain regions and between expression and splicing; positive and negative correlations were also associated with distinct annotation groups. Membrane, synaptic and splicing annotation categories were over-represented in the modules (gene clusters) enriched in positive correlations (CeA); our cosplicing analysis further identified the genes affected only at the exon inclusion level. In the CeA coexpression network, we identified Rab6b, Cdk18 and Igsf21 among the intake-correlated hubs, while in the Area 32, we identified a distinct hub set that included Ppp3r1 and Myeov2. Overall, the data illustrate that excessive ethanol self-administration is associated with broad expression and splicing mechanisms that involve membrane and synapse genes.
INTRODUCTION
Beginning with Lewohl et al. (2000) , there has been substantial progress in characterizing gene expression in human alcoholics (reviewed in Farris & Mayfield 2014) . There is now little doubt that chronic ethanol exposure has marked effects on differential gene expression and associated gene networks. Further, there are some examples of aligning gene expression and genome-wide association study data (Zhou et al. 2011b; Farris et al. 2015) that can, to some extent, disentangle predispositions from consequences of excessive ethanol consumption. However, despite this progress, human postmortem analyses are potentially confounded by a number of variables over which the experimenter has no control and frequently little information. These factors include uneven postmortem intervals, marked differences in subject age, environmental insults over the lifetime and at the time of death, nutritional deficiencies, patterns of alcohol consumption, co-morbid psychopathology and the frequency of withdrawals (Kroenke et al. 2014) . These uncontrolled variables are likely to obscure alcohol-specific neuroadaptations and highlight the importance of controlled animal studies.
With this perspective in mind, we have examined brain gene expression from a non-human primate model of oral ethanol self-administration that produces individual differences in stable levels of average daily ethanol intake over the course of months to years while controlling organismal, environmental and necropsy variables (Grant et al. 2008a; Baker et al. 2014; Kroenke et al. 2014) . The average daily dose of ethanol consumed (0.46-4.03 g/kg/day per monkey) and corresponding average blood ethanol concentrations (BECs) (2.33-141.2 mg/dl per monkey) provide an opportunity to quantify the factors and brain mechanisms associated with developing an alcohol dependence syndrome (Cuzon Carlson et al. 2011; Welsh et al. 2011 ) and the associated neuropathology (Kroenke et al. 2014; Lovinger & Kash 2015) . The sustained level of voluntary daily intake in this model is analogous to that found in human patterns of alcohol use disorders (AUDs) . Further, the self-administration of ethanol in monkeys classified as very heavy drinkers (>3 g/kg/day or greater than 12 drinks per day) often surpasses elements of binge drinking that are captured in rodent models that allow voluntary drinking e.g. drinking in the dark (Rhodes et al. 2005; Barkley-Levenson & Crabbe 2012 , 2014 , or two-bottle choice preference/consumption (e.g. Hitzemann et al. 2009; Metten et al. 2014) .
RNA-Seq data were obtained from 31 male rhesus macaques (Macaca mulatta) who were first induced to drink 4 percent (w/v) ethanol over 4 months and then allowed to self-administer ethanol for over 12 months under open-access conditions (22 hours/day, 7 days/week) with concurrent meals and continuous access to water (Grant et al. 2008b; Baker et al. 2014) . The RNA-Seq data were analyzed with an emphasis on both gene expression and splicing networks as described elsewhere (Iancu et al. 2015) . Data were collected from the central nucleus of the amygdala (CeA) and cortical Area 32, elements of the 'addiction' circuit (Koob & Volkow 2010) , which have key role(s) in modulating ethanol's acute and chronic effects (Dhaher et al. 2008; Roberto, Gilpin, & Siggins 2012; Gilpin, Herman, & Roberto 2015) and also have key roles in anxiety disorders, which are often co-morbid with AUDs (Gilpin et al. 2015) .
Transcriptome-wide changes related to alcohol phenotypes have been detected in both human and mouse models (Iancu et al. 2013; Farris et al. 2015) . Gene splicing variability at the individual gene level has also been described, in particular for AMPA receptors in nonhuman primates (Acosta et al. 2011) and in GABA-B receptors in human alcoholics (Lee, Mayfield, & Harris 2014) . Iancu et al. (2015) recently developed a cosplicing network construction methodology that facilitates evaluation of transcriptome-wide coordinated splicing. In the present study, we leverage exon-level data from RNASeq and evaluate transcriptome-level changes in gene expression as well as changes in splicing. Overall, the results presented here are, to our knowledge, the first transcriptome-level assessment of the correlation between chronic ethanol self-administration and the macaque brain transcriptome.
MATERIALS AND METHODS

Animals
Male rhesus monkeys that were experimentally naive at the onset of alcohol induction (Macaca mulatta, n = 31, 4-11 years, 6-8 kg) were used. The monkeys were from four cohorts, referred to as cohorts 4, 5, 7a and 7b in the Monkey Alcohol Tissue Research Resource (www. MATRR.com; Daunais et al. 2014) . As described previously , the consumption data for these cohorts were well fit by a bounded uniform distribution, facilitating their analysis as a single group. All monkeys were individually housed (quadrant cages, 0.8 m × 0.8 m × 0.9 m) in a room with controlled light cycle (11 hours lights on, 13 hours lights off), temperature (20-22°C) and humidity (65 percent). The monkeys had visual, auditory and olfactory contact with other monkeys. They were weighed weekly. All procedures complied with the National Institutes of Health and the Guide for the Care and Use of Laboratory Animals and were approved by the Institutional Animal Care and Use Committee at Oregon National Primate Research Center. Ethanol self-administration, circulating steroid hormones and MRI structural brain imaging data from subsets of these monkeys have been published (Helms, Park, & Grant 2014; Kroenke et al. 2014) . The selfadministration protocol is described elsewhere (Grant et al. 2008b) .
Samples
Monkeys were trained in awake blood draws as described (Porcu et al. 2006) , and approximately every fifth day, BEC samples were collected 7 hours after the onset of the 22-hour/day session. Preparation of brain tissue was described previously , and the tissues were collected as part of the Monkey Alcohol Tissue Research Resource. Necropsy occurred on an open-access drinking day; monkeys were anesthetized with ketamine (10 mg/kg) and maintained on 1 percent isoflurane. The brains were perfused with ice-cold oxygenated artificial cerebral spinal fluid, removed (< 5 minutes postmortem) and sectioned according to each monkey's individual MRI (Daunais et al. 2010) . The CeA was identified by visible landmarks, lateral of the optic tract and ventral of the globus pallidus (Watson, Paxinos, & Tokuno 2010 ; À4.5 to À9.9 mm). The block of tissue that contained the CeA was dissected and placed into sterile tubes maintained at À80°. The prefrontal cortex was isolated, and Area 32 was dissected and frozen in liquid nitrogen.
RNA-Seq
Library formation (TruSeq Stranded RNA-Seq with RiboZero Gold rRNA depletion) and sequencing on a HiSeq 2000 were all performed according to Illumina's specifications at the Oregon Health and Science University Massively Parallel Sequencing Shared Resource. Libraries were multiplexed four per lane, yielding approximately 50 million total reads per sample. FastQC was used for quality checks on the raw sequence data. Reads were then aligned to MacaM assembly (Zimin et al. 2014) using STAR version 2.3.0e (Dobin et al. 2013) with default parameters except for the following: outFilterMismatchNmax = 3, outFilterScoreMinOverLread = 0.33, outFilterMismatchNoverLmax = 0.03 and outFilterMultimapNmax = 1. Using the Bedtools suite version 2.17.0 (Quinlan 2014 ) and the MacaM v7.6.8 GTF annotation file, read counts were summarized at both the gene and exon levels with the following parameters: S and split. For possible ambiguities to be mitigated, only reads that were located on nonoverlapping exon portions were retained for further analysis. Data were imported into the R application environment, and the set of samples included in the network and correlation analysis was determined on the basis of manual curation and statistical outlier detection as described previously (Iancu et al. 2012) . These procedures identified one sample from each region (10052 and 10048 in CeA and Area 32, respectively). The final transcriptional dataset included 28 CeA and 30 Area 32 samples selected for further analysis. Upper quartile normalization was performed using the edgeR Bioconductor package. Genes with at least 100 average reads per sample and exons with more than 10 average reads were retained for further analysis. For network construction and correlation with phenotypes, we utilized normalized read counts, while for comparing expression and variability across the two regions, we utilized reads per kilobase per million as returned by the edgeR Bioconductor package (Robinson, McCarthy, & Smyth 2010) .
Correlations between gene expression, exon usage/splicing and ethanol intake
The average ethanol intake and BEC data are presented in the Supporting Information Table S1 . Because the intake and BEC phenotypes display significant correlations (Supporting Information Table S1 ), we focused on correlating the gene expression data with average daily intake over the 6 months prior to necropsy for further analysis. For gene expression, the Pearson correlation was used; P values were derived from random resamplings (N = 1000). The positive and negative correlations were analyzed separately given marked differences in annotation. For exon usage, a distance measure coupled with Mantel correlations was used (Iancu et al. 2015) . This procedure starts by computing the Canberra distance between any two samples, on the basis of exon counts. A similar size distance measure is then computed between all samples, on the basis of absolute value differences in the ethanol phenotype. These similar-size square matrices were next correlated using the Mantel procedure (Mantel 1967) . As in Pearson correlation, we derived P values for significance on the basis of N = 10 000 random permutations. Multiple-testing comparison was performed utilizing the sequential goodness-of-fit method for multiple dependent tests (Carvajal-Rodríguez, de Uña-Alvarez, & Rolán-Alvarez 2009). In contrast with other multiple testing adjustment procedures, the sequential goodness of fit has the desirable property of increased power with increasing number of tests.
Coexpression and cosplicing network construction
Gene coexpression and cosplicing networks were constructed utilizing the weighted gene correlation network analysis (WGCNA) approach (Zhang & Horvath 2005) . For all networks, the adjacency matrix was constructed by raising the correlations to a power β, which was chosen independently for each network type and brain region in accordance with the scale-free fit criterion (Zhang & Horvath 2005) . Gene clustering was performed using the cutTreeDynamic WGCNA function. Gene connectivity was defined as the sum of all network adjacencies; modular connectivity was restricted to the adjacencies within the gene's module/cluster. Connectivity values are reported on a percentile scale. Module preservation was evaluated utilizing the WGCNA module preservation function. This function takes as input twonetwork adjacency matrices and the module assignment in only the first network. The output is a set of Z statistics that essentially evaluate whether the module assignment in the first network corresponds to increased coexpression (and other network statistics) in the second network. The Z values are computed by comparing the coexpression values of the (first network) module as compared with random groups of genes selected from the second network. Z values over 2 are considered to signify moderate preservation, while Z values over 10 signify strong preservation. We note that this evaluation does not depend or utilize the module assignment in the second network. For further details of this procedure, we refer the reader to Langfelder et al. (2011) .
Functional significance of modules and other gene groups of interest were evaluated using the GOrilla web tool (Eden et al. 2009 ). The background gene set was the set of genes selected for network construction. To detect modules enriched in intake-correlated genes, we utilized Fisher's exact test for significant overlap between each set of module genes and the genes significantly associated with drinking at adjusted P value of 0.2. This relatively permissive threshold is justified by our emphasis on network and system level effects; we also report raw and adjusted P values for all individual genes.
RESULTS
Transcriptional network structure across brain regions
We compared the transcriptional structure in the two regions at both the expression and network level. In terms of gene expression levels, we observed very strong preservation between CeA and Area 32 expression levels as quantified by reads per kilobase per million values (Spearman rho = 0.9-see Supporting Information Figure S1 ). Gene expression coefficient of variability was much less preserved (Spearman rho = 0.47; Supporting Information Figure S2 ). Next, we constructed coexpression and cosplicing networks, computed whole network gene connectivity values and correlated them across the four networks (Supporting Information Table S2 ). Network connectivity was preserved to varying extents across networks, with the strongest preservation between the Area 32 coexpression and cosplicing networks (Spearman rho = 0.53, P < 10 À15 ) and the lowest preservation between CeA coexpression and Area 32 cosplicing (Spearman rho = 0.092, significant at P < 10 À15 ).
To further characterize similarities and differences in transcriptional structure, we inquired whether network structure was preserved at the level of modules. We identified 21 modules in the CeA coexpression network, 16 modules in the CeA cosplicing, 32 modules in Area 32 coexpression and 17 modules in the Area 32 cosplicing. Starting with the two CeA networks, we inquired whether modules in these networks also display aboverandom coexpression in all other CeA and Area 32 networks (see section). As was the case with the overall connectivity values earlier, preservation varied across network types and regions. Of the 21 CeA coexpression modules, 18 were preserved in the CeA cosplicing network, 8 were preserved in the Area 32 coexpression network and 5 were preserved in the Area 32 cosplicing network. Of the 16 CeA cosplicing modules, 8 were preserved on CeA coexpression network, 4 in the Area 32 coexpression network and 2 in the Area 32 cosplicing network. These data indicate that subnetworks/modules vary widely in preservation, while the network as a whole is only mildly preserved as indicated by the correlations in connectivity values (Supporting Information  Table S2 ). We note that module preservation does not necessarily imply that the same modules can be independently detected in the two networks, but rather that those modules in one network display significant coexpression in the second network. Module preservation values are listed in Supporting Information Table S2 .
In all networks, we define network hubs as the genes in the top 20 percent of total network connectivity. Across brain regions and network types, the overlap of hubs was relatively modest in CeA and Area 32 (Figure 1 -see also Supporting Information Figure S3 ), signifying that hub identity is highly region and network type specific. Only 135 genes are hubs in all four networks, despite approximately 90 percent of the genes are included in all four networks. Module membership, connectivity values and correlations with intake are listed in Supporting Information Tables S3, S5 , S7 and S9.
Correlation of CeA gene expression with ethanol intake
Pearson correlations were used to determine the relationships between ethanol intake during the 6 months prior to necropsy of self-administration ( section) and gene expression. The range of average daily ethanol intake during the 6 months prior to necropsy was 0.52 to 3.79 g/ kg. Data for other intake intervals are found in Supporting Information Table S1 . The genes correlated with intake (adjusted P < 0.2) (Supporting Information  Table S3 ) were entered into a functional annotation analysis. The positively correlated genes [(+) gene set] (N = 181) were enriched in 15 GO categories with an false discovery rate (FDR) < 0.1 (Supporting Information Table S4 ). These included membrane annotations (GO:0044425), synapse (GO:0099565), axon (GO:0030516) and process annotations related to the regulation of cell growth (GO:0001558). Genes associated with these annotation categories included Kcnc4 (membrane) and L1cam, Map1b and Limk1 (axon and cell growth). Complete lists of the genes associated with each of the annotation categories are found in Supporting Information Table S4 .
For the (+) CeA gene set to be further characterized, the network structure was examined to determine in which modules (sub-networks) the genes were localized and to determine which of the genes were hub nodes (defined as genes with a percentile intramodular connectivity of ≥0.8). Members of the (+) gene set were significantly (P < 2 × 10 À4 or better) enriched in four of the 21 CeA coexpression network modules: blue, green, light cyan and turquoise; among these, the light cyan module was the most strongly affected enriched (P < 10 À22 ); it also contains numerous membranerelated and synapse-related genes (Supporting Information Table S4 ). This module appears specific to CeA coexpression as it has low preservation values in all other networks (Supporting Information Table S2 ). A number of receptors were associated with the annotation for synaptic signaling, including Chrna7, Chrm3 and Glra2. In contrast to the light cyan module, the green module was significantly less well annotated; however, there was a moderate enrichment of genes associated with clathrin-sculpted GABA vesicular transport.
The negatively correlated genes [(À) gene set] (N = 277) were enriched in 26 GO categories with an FDR of <0.1 (Supporting Information Table S4 ). These included annotations for nucleic acid metabolic process, nucleic acid binding and transcription factor activity. The network structure was again used to determine which modules were enriched in members of the (À) gene set and to determine which of the genes were hub nodes. Five modules (blue, cyan, green, light cyan and midnight blue) were significantly enriched (Supporting Information Table S3 ). Note that the blue, green and light cyan modules are also enriched in positively correlated genes. The structure and enrichment of the light cyan module is illustrated in Figure 2 . Enrichment with genes from the (+) gene sets in the light cyan module is pronounced (P < 10 À22 ), and additionally, the GO annotations for this module overlap the membrane-related and synapserelated GO categories that characterize the set of positively correlated gene set (Supporting Information Table S4 ). Among other GO annotations of interest are several splicing-related categories, especially for the blue module, which is enriched in genes from the (À) and (+) gene sets. The genes included in this annotation category include Sfpq (splicing factor proline/glutamine-rich), Srsf11 (serine/arginine-rich splicing factor 11), cleavage stimulation factors such as Cstf2 and Cstf3 and numerous motif-binding and zinc finger proteins.
We additionally correlated the CeA genes with less than 100 average reads per sample with the intake data, finding an additional 227 genes significant at adjusted P value of <0.2 (Supporting Information Table S3 ). The annotation for these genes was poor, with only a few GO categories significant at FDR 0.1, including plasma membrane-related categories (Supporting Information  Table S4 ). 
Correlation of CeA splicing/exon inclusion with ethanol intake
For the splicing/exon inclusion analysis, genes were represented as vectors of exon counts. In this context, a different statistic (the Mantel correlation) was used to detect the relationship between splicing/exon inclusion and intake (Iancu et al. 2015) ; these data are presented in Supporting Information Table S5 . At an adjusted P < 0.2, we detected 480 genes significantly correlated with intake; we note that significant Mantel correlations are positive in nearly all cases as they are generated by pairwise distances. Many of these genes fell into three CeA cosplicing modules: green yellow, salmon and yellow; these modules contained proportionally more significant genes than would be expected given their size (Fisher's exact test). The salmon module was significantly enriched in mitochondrial, ribosomal and ribosomal protein subunits (Supporting Information Table S6 ). Overlap of genes correlated to intake in the CeA coexpression network and in the CeA cosplicing network is largely unique (Figure 3) . While under ideal conditions the consumption-splicing correlations would also detect all gene level correlations, the two procedures have different levels of power depending on the level of variability in individual exons. The significant GO categories in the cosplicing network were also largely distinct from those detected in the coexpression network, with the exception of the annotation for the salmon module that included several membrane-related categories such as 'cotranslational protein targeting to membrane', 'establishment of protein localization to membrane' and 'membrane organization' (GO:0006613, GO:0090150 and GO:0061024).
Correlation of Area 32 gene expression and splicing/exon inclusion with ethanol intake
The results for Area 32 are less pronounced, both in terms of number of genes significantly associated with intake and in terms of GO annotations. In the coexpression network, we detected 122 positively correlated genes and 132 negatively correlated genes (Supporting Information  Table S7 ). Overlap of these genes with genes significant in the CeA is minimal (Supporting Information Figure S4 ). Annotation for these groups was relatively poor, with only four categories reaching significance for the positive group-these included peptidase and proteasome complexes (Supporting Information Table S8 ). Although the correlated genes were concentrated in only four modules, only the Area 32 turquoise module had any significant annotation (GO:0044455-mitochondria membrane part). Similarly, splicing effects on Area 32 were minimal, with no genes significant at the threshold of adjusted P values <0.2 (Supporting Information Table S9 ).
DISCUSSION
Our results identify and annotate a set of correlations between chronic ethanol self-administration and transcriptional structure in rhesus macaques, including changes at the level of exon inclusion rates. By analyzing the transcriptome across two brain regions, we found significant regional specificity in terms of network structure even though gene expression levels are highly preserved. Additionally, we detect some gene hubs that are coordinated only at the exon inclusion/splicing level without being coexpressed at the overall gene expression level; this observation is consistent with our previous analyses in mice (Iancu et al. 2015) .
Our analysis of the voluntary intake and transcriptional data proceeded in three steps. The first step was to examine the correlation of gene expression to average daily ethanol intake. The correlation data revealed two important points. One, even within the CeA, the region with more significant correlations, there were only a handful of correlations that exceeded r > 0.6; this observation was taken to be consistent with the idea that chronic ethanol intake is a complex trait, associated with the effects of multiple genes, each with a relatively small influence. However, embedded in the genes associated with intake was a specific annotation structure. For the genes positively correlated to intake and entered into the annotation analysis, 98/181 (54 percent) were Figure 3 Overlap of three groups of genes correlated to ethanol consumption in the CeA: (1) gene expression negatively correlated to consumption, (2) gene expression positively correlated to consumption, (3) gene splicing correlated to consumption. Correlations at the splicing versus expression level are largely distinct annotated as membrane genes (GO:0016020) and 20 clustered within the light cyan module. In turn, this module was richly annotated with synaptic, neuronal and membrane GO categories (GO:0007268, GO:0097458 and GO:0044425, respectively). Additionally, we find among the light cyan genes a number of neurotransmitter receptors (e.g. Chrm3, Chrna4, Chrna7, Glra2, Grm1 and Grm2). A second CeA coexpression module (turquoise) was significantly enriched in positively correlated genes (Fisher's exact test P < 10 À8 ); this module was also significantly enriched in several membrane-related GO categories (including GO:0044425, GO:0044459 and GO:0031226) as well as neurotransmitter transporter activity (GO:0005326). The present monkey data encompass a larger range of daily intakes (low, binge and heavy drinking) compared with the human alcoholic populations where moderate/binge drinkers are not represented. Nevertheless, the data here are similar to human network data presented elsewhere (e.g. Ponomarev et al. 2012; Farris & Mayfield 2014) and argue that chronic ethanol intake involves large ensembles of genes, with an overrepresentation of genes involved in membrane and/or synaptic function. For example, in Farris et al. (2015) , the key hubs in the module (GM15) most closely associated with lifetime alcohol consumption in alcoholics were highly enriched in the GO annotation for synaptic transmission (P < 3 × 10 À12 ).
The genes negatively correlated to intake and entered into the annotation analysis were enriched in GO categories associated with nucleic acid processing and transcription (Supporting Information Table S4 ). Previously, it was observed that alcohol-preferring inbred mouse strains and animals selectively bred for high alcohol preference have an increased expression of genes associated with transcription, notably key transcription factors (Mulligan et al. 2006) . Subsequent studies confirmed the alcohol/transcription interaction (Saba et al. 2006; Hu et al. 2008; Zhou et al. 2011b; Ponomarev et al. 2012) . Ponomarev et al. (2012) found, when comparing chronic alcoholics and normal controls, that there was a modest up-regulation of CeA ribosomal genes in the alcoholics. The authors suggested that this may be a consequence of DNA hypomethylation. The data presented here suggest that translation is likely impaired. However, it is unknown if this was a generalized effect or limited to specific protein classes.
The next step in our analysis linked the correlation data with transcriptome network structure. Two pieces of information were extracted. One was to determine which modules (subnetworks) were enriched in the genes correlated with intake. These data provided additional annotation information by identifying the local hubs. For example, the CeA light cyan coexpression module was enriched (P < 10 À22 ) in genes positively correlated to expression. Extending the focus to the six CeA coexpression modules enriched in intake-correlated genes revealed the potential involvement of ion channel complexes, including glutamate and GABA receptor subunits and potassium channels. Beginning with Lewohl, Crane, & Dodd (1997) , there is now substantial postmortem evidence that chronic ethanol consumption affects both GABA and glutamate ligand-gated ion channels (Dodd & Lewohl 1998; Mayfield et al. 2002; Buckley et al. 2006; Kuo et al. 2009; Bhandage et al. 2014; Enoch et al. 2014; Farris & Mayfield 2014; Jin et al. 2014) . Similar to the data presented here, Farris et al. (2014) have found that network modules strongly associated with lifetime ethanol consumption were enriched in overlapping annotations for potassium channels and transporters (Supporting Information Table S2 -Farris & Mayfield 2014) . The network analysis also allowed us to determine which of the genes most strongly associated with intake were highly connected hub nodes. There is compelling evidence, especially from cancer (Bi et al. 2015; Balamurugan 2016 ) and infectious disease biology (Xu et al. 2014) , that targeting hub nodes will significantly affect network structure and, thus, the phenotype of interest. For several of the correlated light cyan hub nodes found in Supporting Information Table S3 , we found previous evidences for AUD-related effects. Cdk18 is upregulated in basolateral amygdala in human chronic ethanol drinkers (Ponomarev et al. 2012) . Rab6b has been associated with alcohol-related traits in genome-wide association studies (Li et al. 2016) . Clstn1 is affected by ethanol exposure in mouse embryo cell cultures (Zhou et al. 2011a) . In Area 32, among the hubs significantly correlated with intake, we find Ppp3r1 and Myeov2 in the turquoise coexpression module. Ppp3r1 is located in a genomic region previously associated with ethanol sensitivity (rat alcohol response chromosome 11) (Radcliffe et al. 2004) . Myeov2 is located within a mouse alcohol preference quantitative trait locus (QTL) (Alpq5_m) on mouse chromosome 1 (Bice et al. 2009 ).
The third step of our analysis strategy was to repeat steps one and two but from the perspectives of exon usage and cosplicing networks. For exon usage, a distance measure coupled with Mantel correlations was used (Iancu et al. 2015) . This procedure starts by computing the Canberra distance between any two samples, on the basis of exon counts. A similar size distance measure is then computed between all samples, on the basis of absolute value differences in the ethanol phenotype. These similar-size square matrices were next correlated using the Mantel procedure (Mantel 1967) . In the CeA, the genes meeting the threshold for inclusion in the annotation analysis were significantly overabundant in three cosplicing modules (green yellow, salmon and yellow-see Supporting Information Table S5 ). These modules are highly enriched in GO categories associated with protein localization to the endoplasmic reticulum, structural constituent of the ribosome and ribosomal subunit; thus, from the annotation perspective, there was an overlap between the gene and exon level analyses. However, the genes correlated to intake were largely independent between CeA and Area 32 as illustrated in Supporting Information Figure S4 . This specificity was also present at the module level: the CeA coexpression light cyan module, which is highly enriched with correlated genes, is not preserved in the other regions and networks. Additionally, the hub identity varied considerably between network types for both CeA and Area 32 (Figure 1) . Thus, the exon-level analysis provided a significant amount of additional information on both the system-level transcriptional organization as well as the identity of genes most related to chronic self-administration. At the same time, we note that in the CeA expression data, genes correlated with intake included several genes with role in splicing coordination (Supporting Information Table S4 ), which suggested that splicing is also associated with intake. Our exonbased cosplicing analysis facilitated the detection of an additional group of genes associated with intake that would be undetectable by only considering overall gene expression.
Overall, the data illustrate that excessive intake is associated with an increased expression of membranerelated genes and decreased expression of translationrelated genes, specifically in the CeA, across a range of daily ethanol intakes. A subset of the membrane genes was found to be associated with neuronal function and includes a large number of transmembrane proteins known to regulate synaptic function. We note that most of the genes strongly correlated with excessive intake are among the leaf nodes i.e. genes that are not highly connected. However, understanding the broad transcriptional effects of excessive intake can be facilitated by focusing on hub nodes within key modules. Among these are some hub genes in Area 32 (Ppp3r1 and Myeov2) that reside in previously identified alcohol QTLs and some CeA hub genes that have been previously linked to alcoholism, including Cdk18, Rab6b and Clstn1.
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